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rRECEIVE A HIGH-RESOLUTION IMAGE AT
THE INPUT OF THE CNN SYSTEM
502

PARTITION THE HIGH-RESOLUTION
IMAGE INTO A SET OF SUBIMAGES OF A
SMALLER IMAGE SIZE
504

SEQUENTIALLY PROCESS THE SET OF
SUBIMAGES USING A FIRST HARDWARE
CNN MODULE OF THE CNN SYSTEM TO

GENERATE AN ARRAY OF FEATURE

MAPS
506

7

MERGE THE ARRAY OF FEATURE MAPS
INTO A SET OF MERGED FEATURE MAPS
FOR THE ENTIRE HIGH-RESOLUTION
INPUT IMAGE
508

I

PROCESS THE SET OF MERGED
FEATURE MAPS USING A SECOND CNN
MODULE OF THE CNN SYSTEM TO
GENERATE AT LEAST ONE PREDICTION
ON THE HIGH-RESOLUTION INPUT IMAGE

510

FIG. 5
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CONVOLUTIONAL NEURAL NETWORK
(CNN) SYSTEM BASED ON
RESOLUTION-LIMITED SMALL-SCALE
CNN MODULES

PRIORITY CLAIM AND RELATED PATENT
APPLICATIONS

[0001] This patent document claims benefit of priority
under 35 U.S.C. 119(e) to U.S. Provisional Patent Applica-
tion No. 62/428,497 entitled “CONVOLUTIONAL NEU-
RAL NETWORKS (CNN) BASED ON RESOLUTION-
LIMITED SMALL-SCALE CNN MODULES,” by
inventors Xing Wang, Him Wai Ng, Jie Liang, and filed on
Nov. 30, 2016 (Attorney Docket No. AVS001.PRVO01). The
disclosures of the above application are incorporated by
reference in their entirety as a part of this document.

TECHNICAL FIELD

[0002] The present disclosure generally relates to the field
of machine learning and artificial intelligence, and more
specifically to systems, devices and techniques for imple-
menting convolutional neutral networks (CNN) using reso-
lution-limited small-scale CNN modules.

BACKGROUND

[0003] Deep learning (DL) is a branch of machine learning
and artificial neural network based on a set of algorithms that
attempt to model high level abstractions in data by using a
deep graph with multiple processing layers. A typical DL
architecture can include many layers of neurons and millions
of parameters. These parameters can be trained from large
amount of data on fast GPU-equipped computers, guided by
novel training techniques that can work with many layers,
such as rectified linear units (Rel.U), dropout, data augmen-
tation, and stochastic gradient descent (SGD).

[0004] Among the existing DL architectures, convolu-
tional neural network (CNN) is one of the most popular DL,
architectures. Although the idea behind CNN has been
known for more than 20 years, the true power of CNN has
only been recognized after the recent development of the
deep learning theory. To date, CNN has achieved numerous
successes in many artificial intelligence and machine learn-
ing applications, such as image classification, image caption
generation, visual question answering, and automatic driv-
ing cars.

[0005] However, the complexities of existing CNN sys-
tems remain quite high. For example, one of the best-known
large-scale CNNs, AlexNet includes 60 millions of param-
eters and requires over 729 million FLOPs (FLoating-point
Operations Per Second) to classify a single image, and the
VGG network from Oxford University includes 19 layers
and 144 millions of parameters, and the number of FLOPS
involved to classify a single image is 19.6 billion. Unfortu-
nately, implementing such high-complexity networks would
often require significant amount of expensive hardware
resources, such as Nvidia™ GPU cores and large-scale
FPGAs. For example, the Nvidia™ TK1 chips used in some
CNN systems cost at least US$80/chip, while the more
powerful Nvidia™ TX1 chips cost at least US$120/chip.
The cost issue can be particularly troublesome for embedded
systems which often are subject to cost constraints. More-
over, these chips also require significantly more power to
operate than the power constraints of traditional embedded
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platforms, thereby making them unsuitable for many appli-
cations where basic deep learning functionalities are
required, but at the same time certain constraints on cost and
power consumption should also be met.

[0006] Consequently, the existing CNN architectures and
systems are not cost-effective for many embedded system
applications.

SUMMARY

[0007] Embodiments described herein provide various
examples of a convolutional neural network (CNN) con-
structed based on small-scale low-cost hardware CNN mod-
ules. The disclosed CNN architecture and system can be
implemented in resource-limited embedded systems to
allow these systems to perform tasks which would typically
require large-scale expensive CNN systems. For example,
the disclosed CNN architecture and system allows for using
low-cost CNN-enabled embedded systems on high-com-
plexity CNN applications, such as processing high-resolu-
tion input images which would otherwise not be feasible for
resource-limited embedded systems.

[0008] Various embodiments of the disclosed CNN sys-
tems manage a complex task based on a divide-and-conquer
approach. In some embodiments, a disclosed CNN system is
constructed with two or more tiers/stages, wherein each of
the two or more tiers/stages is implemented with either one
or more small-scale low-cost hardware CNN modules or
with software which operates on low-resolution inputs. As
such, each of the two or more tiers/stages can have a very
low-complexity. More specifically, to use the disclosed CNN
system, an original high-resolution input image can be
partitioned into a set of subimages of substantially the same
size which is much smaller than the size of the original input
image, wherein the partition can include properly designed
gaps and/or overlaps between adjacent subimages. These
subimages are sequentially fed into the first tier/stage of the
disclosed CNN system which includes one or more small-
scale hardware CNN modules designed to handle low-
resolution input images. In this manner, a high-resolution
input image can be processed by a given small-scale hard-
ware CNN module by way of reusing the small-scale
hardware CNN module repeatedly on the set of subimages.
The outputs from the first tier/stage based on the set of
subimages are subsequently merged. In some embodiments,
the disclosed CNN system includes provisions to the sizes of
the input images and subimages to ensure that the merged
result to be substantially or exactly identical to the output of
a large-scale CNN that processes the entire high-resolution
input image without partition of the input image. Next, the
merged result is processed by the second tier/stage of the
disclosed CNN system, which can also be implemented with
one or more low-complexity processing units. In this man-
ner, the disclosed CNN system manages high-complexity
tasks such as processing high-resolution input images with-
out requiring large-scale expensive hardware modules,
thereby improving trade-off between performance and cost.
[0009] In one aspect, a subimage-based convolutional
neutral network (CNN) system is disclosed. This CNN
system includes a receiving module for receiving an input
image of a first image size, and the receiving module can be
used to partition the input image into a set of subimages of
a second image size. The CNN system also includes a first
processing stage that includes a first hardware CNN module
configured with a maximum input image size. This first
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hardware CNN module is configured to sequentially receive
each of the set of subimages and sequentially process each
of the received subimages to generate a set of outputs. The
CNN system further includes a merging module configured
to sequentially receive the sets of outputs from the first
processing stage and merge the sets of outputs into a set of
merged feature maps. The CNN system additionally
includes a second processing stage configured to receive the
set of feature maps and process the set of feature maps to
generate an output of the CNN system, and the output
includes at least one prediction on the input image. In some
embodiments, the first image size is significantly greater
than the maximum input image size of the first hardware
CNN module and the second image size is less than or equal
to the maximum input image size of the first hardware CNN
module.

[0010] In some embodiments, the set of subimages
includes a first subset of subimages and a second subset of
subimages. The receiving module is configured to partition
the input image into the set of subimages by: partitioning the
input image into the first subset of subimages of rows and
columns separated by gaps, such that a pair of adjacent
subimages in a row of the first subset of subimages is
separated by a first gap, and a pair of adjacent subimages in
a columns of the first subset of subimages is separated by a
second gap; and generating the second subset of subimages
such that each of the second subset of subimages is posi-
tioned to partially overlap with at least a pair of adjacent
subimages in the first subset of subimages and over either
the first gap or the second gap between the pair of adjacent
subimages.

[0011] In some embodiments, the first hardware CNN
module includes a set of convolution (CONV) layers, a set
of ReLLU layers, and a set of pooling layers coupled in series.
Moreover, processing each of the received subimages using
the first hardware CNN module includes alternatively apply-
ing a CONV layer in the set of CONV layers, an Rel.U layer
in the set of ReLU layers, and a pooling layer in the set of
pooling layers on the received subimage.

[0012] In some embodiments, the first hardware CNN
module also includes a set of filters, and the set of outputs
associated with each of the processed subimages corre-
sponds to the set of filters.

[0013] In some embodiments, the set of merged feature
maps is substantially identical to a set of feature maps
generated by convolution-RelLU-pooling layers of a large-
scale CNN system which processes the input image as a
whole without partitioning the input image.

[0014] Insome embodiments, the second processing stage
includes a set of fully-connected (FC) layers and a set of
ReL.U layers coupled in series. Moreover, processing the set
of merged feature maps includes alternatively applying an
FC layer in the set of FC layers and an RelLU layer in the set
of ReLLU layers on the set of merged feature maps.

[0015] Insome embodiments, the second processing stage
is implemented in software.

[0016] Insome embodiments, the second processing stage
is implemented in hardware with a second hardware CNN
module.

[0017] In some embodiments, both the first hardware
CNN module and the second hardware CNN module are
implemented based on a small-scale hardware CNN module
of an embedded system that includes a set of convolution
layers, a first set of RelLU layers, a set of pooling layers, a
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set of fully-connected (FC) layers, and a second set of ReLU
layers. Moreover, the first hardware CNN module is imple-
mented by bypassing the set of FC layers and the second set
of ReLLU layers in the small-scale hardware CNN module;
whereas the second hardware CNN module is implemented
by bypassing the set of convolution layers, the first set of
ReL.U layers, and the set of pooling layers in the small-scale
hardware CNN module.

[0018] In some embodiments, the first hardware CNN
module is a small-scale low-cost hardware CNN module
configured to process low-resolution input images for such
applications as handwritten digit recognition and license
plate recognition.

[0019] In another aspect, a process for performing image
processing using a subimage-based CNN is disclosed. This
process includes the steps of: receiving an input image of a
first image size; partitioning the input image into a set of
subimages of a second image size; processing the set of
subimages using a first hardware CNN module configured
with a maximum input image size, wherein the processing
includes sequentially receiving each of the set of subimages
and sequentially processing each of the received subimages
to generate a set of outputs. This process further includes the
steps of: merging the sets of outputs into a set of merged
feature maps; and processing the set of feature maps to
generate at least one prediction on the input image. In some
embodiments, the first image size is significantly greater
than the maximum input image size of the first hardware
CNN module and the second image size is less than or equal
to the maximum input image size of the first hardware CNN
module.

[0020] In some embodiments, the set of subimages
includes a first subset of subimages and a second subset of
subimages and partitioning the input image includes: parti-
tioning the input image into the first subset of subimages of
rows and columns separated by gaps, such that a pair of
adjacent subimages in a row of the first subset of subimages
is separated by a first gap, and a pair of adjacent subimages
in a columns of the first subset of subimages is separated by
a second gap; and generating the second subset of subimages
such that each of the second subset of subimages is posi-
tioned to partially overlap with at least a pair of adjacent
subimages in the first subset of subimages and over either
the first gap or the second gap between the pair of adjacent
subimages.

[0021] In some embodiments, sequentially processing
each of the received subimages includes alternatively apply-
ing a convolution layer in a set of convolution layers, an
ReL.U layer in a set of RelLU layers, and a pooling layer in
a set of pooling layers on the received subimage.

[0022] In some embodiments, sequentially processing
each of the received subimages further includes applying a
set of filters on the received subimage, wherein the set of
outputs associated with each of the processed subimages
corresponds to the set of filters.

[0023] In some embodiments, the set of merged feature
maps is substantially identical to a set of feature maps
generated by convolution-Re[LU-pooling layers of a large-
scale CNN system which processes the input image as a
whole without partitioning the input image.

[0024] In some embodiments, processing the set of
merged feature maps includes alternatively applying an FC
layer in a set of FC layers and an Rel.U layer in a set of
ReL.U layers on the set of merged feature maps.
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[0025] In some embodiments, processing the set of
merged feature maps includes using a second hardware
CNN module.

[0026] In yet another aspect, another subimage-based
CNN system is disclosed. This CNN system includes a
receiving module for receiving an input image of a first
image size, and the receiving module can be used to partition
the input image into a set of subimages of a second image
size. The CNN system also includes a first processing stage
that includes a first hardware CNN module and a second
hardware CNN module, wherein each of the first and second
hardware CNN modules is configured with a maximum
input image size. The first hardware CNN module is con-
figured to sequentially receive each of a first subset of the set
of subimages and sequentially process each of received
subimages to generate a first set of outputs. The second
hardware CNN module is configured to sequentially receive
each of a second subset of the set of subimages and
sequentially process each of received subimages to generate
a second set of outputs. In some embodiments, the first
hardware CNN module and the second hardware CNN
module are configured to process the first subset of subim-
ages and the second subset of subimages in parallel. The
CNN system further includes a merging module configured
to sequentially receive the first sets of outputs and the second
sets of outputs from the first processing stage and merge the
first and second sets of outputs into a set of merged feature
maps. The CNN system additionally includes a second
processing stage configured to receive the set of feature
maps and process the set of feature maps to generate an
output of the CNN system, and the output includes at least
one prediction on the input image.

[0027] In still another aspect, a system capable of per-
forming deep learning on images is disclosed. This system
includes a processor, a memory coupled to the processor,
and an image capturing device coupled to the processor and
the memory and configured to capture images of a first
image size. This system also includes a CNN subsystem
coupled to the processor and the memory. This CNN sub-
system includes a receiving module for receiving an input
image of the first image size captured by the image capturing
device, and the receiving module is configured to partition
the input image into a set of subimages of a second image
size. The CNN subsystem also includes a first processing
stage that includes a first hardware CNN module configured
with a maximum input image size. This first hardware CNN
module is configured to sequentially receive each of the set
of subimages and sequentially process each of the received
subimages to generate a set of outputs. The CNN subsystem
further includes a merging module configured to sequen-
tially receive the sets of outputs from the first processing
stage and merge the sets of outputs into a set of merged
feature maps. The CNN subsystem additionally includes a
second processing stage configured to receive the set of
feature maps and process the set of feature maps to generate
an output of the CNN subsystem, and the output includes at
least one prediction on the input image. In some embodi-
ments, the first image size is significantly greater than the
maximum input image size of the first hardware CNN
module and the second image size is less than or equal to the
maximum input image size of the first hardware CNN
module.
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[0028] In some embodiments, the system includes a
mobile device such as a mobile phone or an embedded
system such as a surveillance camera.

BRIEF DESCRIPTION OF THE DRAWINGS

[0029] The structure and operation of the present disclo-
sure will be understood from a review of the following
detailed description and the accompanying drawings in
which like reference numerals refer to like parts and in
which:

[0030] FIG. 1A shows a block diagram of a small-scale
hardware CNN module for processing a low-resolution input
image in accordance with some embodiments described
herein.

[0031] FIG. 1B shows a more detailed implementation of
the hardware CNN module in FIG. 1A in accordance with
some embodiments described herein.

[0032] FIG. 2A shows a block diagram of a conventional
full-image-based CNN system for processing higher-reso-
Iution input images.

[0033] FIG. 2B shows a block diagram of a disclosed
subimage-based CNN system in accordance with some
embodiments described herein.

[0034] FIG. 2C shows a block diagram of a three-tiered
subimage-based CNN system in accordance with some
embodiments described herein.

[0035] FIG. 3A shows the partition of an input image into
a set of four subimages with properly designed gaps between
the adjacent subimages in accordance with some embodi-
ments described herein.

[0036] FIG. 3B shows a process of generating a set of five
boundary subimages for the same input image in accordance
with some embodiments described herein.

[0037] FIG. 3C shows a combined set of subimages for the
input image which includes both the subimages from FIG.
3 A and the boundary subimages from FIG. 3B in accordance
with some embodiments described herein.

[0038] FIG. 4 shows an exemplary input image partition
scheme for an 86x62 input image which includes both
non-overlapping subimages and boundary subimages in
accordance with some embodiments described herein.
[0039] FIG. 5 presents a flowchart illustrating a process
for performing image processing using the disclosed sub-
image-based CNN system in accordance with some embodi-
ments described herein.

[0040] FIG. 6 illustrates an exemplary embedded system
within which the disclosed subimage-based CNN system is
used to perform deep learning (DL) image processing on
captured images in accordance with some embodiments
described herein.

DETAILED DESCRIPTION

[0041] The detailed description set forth below is intended
as a description of various configurations of the subject
technology and is not intended to represent the only con-
figurations in which the subject technology may be prac-
ticed. The appended drawings are incorporated herein and
constitute a part of the detailed description. The detailed
description includes specific details for the purpose of
providing a thorough understanding of the subject technol-
ogy. However, the subject technology is not limited to the
specific details set forth herein and may be practiced without
these specific details. In some instances, structures and
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components are shown in block diagram form in order to
avoid obscuring the concepts of the subject technology.

[0042] Embodiments described herein provide various
examples of a convolutional neural network (CNN) con-
structed based on small-scale low-cost hardware CNN mod-
ules. The disclosed CNN architecture and system can be
implemented in resource-limited low-cost systems to allow
these systems to perform tasks which would typically
require large-scale, high-complexity expensive CNN sys-
tems. The disclosed CNN architecture and system can also
be implemented in existing DL systems to replace large-
scale, high-complexity CNN modules to significantly reduce
system cost. For example, the disclosed CNN architecture
and system allows for using low-cost CNN-enabled embed-
ded systems on high-complexity CNN applications, such as
processing high-resolution input images which would oth-
erwise not be feasible for resource-limited embedded sys-
tems.

[0043] Various embodiments of the disclosed CNN sys-
tems manage a complex task based on a divide-and-conquer
approach. In some embodiments, a disclosed CNN system is
constructed with two or more tiers/stages, wherein each of
the two or more tiers/stages is implemented with either one
or more small-scale low-cost hardware CNN modules or
with software which operates on low-resolution inputs. As
such, each of the two or more tiers/stages can have a very
low-complexity. More specifically, to use the disclosed CNN
system, an original high-resolution input image can be
partitioned into a set of subimages of substantially the same
size which is much smaller than the size of the original input
image, wherein the partition can include properly designed
gaps and/or overlaps between adjacent subimages. These
subimages are sequentially fed into the first tier/stage of the
disclosed CNN system which includes one or more small-
scale hardware CNN modules designed to handle low-
resolution input images. More specifically, the set of sub-
images can be processed sequentially by reusing a given
small-scale hardware CNN module repeatedly on the set or
a subset of the subimages. In this manner, a high-resolution
input image can be processed by the one or more small-scale
hardware CNN modules by way of reusing the one or more
small-scale hardware CNN modules on the set of subimages.
The outputs from the first tier/stage based on the set of
subimages are subsequently merged. In some embodiments,
the disclosed CNN system includes provisions to the sizes of
the input images and subimages to ensure that the merged
result to be substantially or exactly identical to the output of
a large-scale high-complexity CNN module that processes
the entire high-resolution input image without partition of
the input image. Next, the merged result is processed by the
second tier/stage of the disclosed CNN system, which can
also be implemented with one or more low-complexity
processing units. In this manner, the disclosed CNN system
manages high-complexity tasks such as processing high-
resolution input images without requiring large-scale, high-
complexity, expensive hardware modules, thereby improv-
ing trade-off between performance and cost.

[0044] In one aspect, a subimage-based convolutional
neutral network (CNN) system is disclosed. This CNN
system includes a receiving module for receiving an input
image of a first image size, and the receiving module can be
used to partition the input image into a set of subimages of
a second image size. The CNN system also includes a first
processing stage that includes a first hardware CNN module
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configured with a maximum input image size. This first
hardware CNN module is configured to sequentially receive
each of the set of subimages and sequentially process each
of the received subimages to generate a set of outputs. The
CNN system further includes a merging module configured
to sequentially receive the sets of outputs from the first
processing stage and merge the sets of outputs into a set of
merged feature maps. The CNN system additionally
includes a second processing stage configured to receive the
set of feature maps and process the set of feature maps to
generate an output of the CNN system, and the output
includes at least one prediction on the input image. In some
embodiments, the first image size is significantly greater
than the maximum input image size of the first hardware
CNN module and the second image size is less than or equal
to the maximum input image size of the first hardware CNN
module.

[0045] In another aspect, a process for performing image
processing using a subimage-based CNN is disclosed. This
process includes the steps of: receiving an input image of a
first image size; partitioning the input image into a set of
subimages of a second image size; processing the set of
subimages using a first hardware CNN module configured
with a maximum input image size, wherein the processing
includes sequentially receiving each of the set of subimages
and sequentially processing each of the received subimages
to generate a set of outputs. This process further includes the
steps of: merging the sets of outputs into a set of merged
feature maps; and processing the set of feature maps to
generate at least one prediction on the input image. In some
embodiments, the first image size is significantly greater
than the maximum input image size of the first hardware
CNN module and the second image size is less than or equal
to the maximum input image size of the first hardware CNN
module.

[0046] In yet another aspect, another subimage-based
CNN system is disclosed. This CNN system includes a
receiving module for receiving an input image of a first
image size, and the receiving module can be used to partition
the input image into a set of subimages of a second image
size. The CNN system also includes a first processing stage
that includes a first hardware CNN module and a second
hardware CNN module, wherein each of the first and second
hardware CNN modules is configured with a maximum
input image size. The first hardware CNN module is con-
figured to sequentially receive each of a first subset of the set
of subimages and sequentially process each of received
subimages to generate a first set of outputs. The second
hardware CNN module is configured to sequentially receive
each of a second subset of the set of subimages and
sequentially process each of received subimages to generate
a second set of outputs. In some embodiments, the first
hardware CNN module and the second hardware CNN
module are configured to process the first subset of subim-
ages and the second subset of subimages in parallel. The
CNN system further includes a merging module configured
to sequentially receive the first sets of outputs and the second
sets of outputs from the first processing stage and merge the
first and second sets of outputs into a set of merged feature
maps. The CNN system additionally includes a second
processing stage configured to receive the set of feature
maps and process the set of feature maps to generate an
output of the CNN system, and the output includes at least
one prediction on the input image.
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[0047] In still another aspect, a system capable of per-
forming deep learning (DL) on images is disclosed. This
system includes a processor, a memory coupled to the
processor, and an image capturing device coupled to the
processor and the memory and configured to capture images
of a first image size. This system also includes a CNN
subsystem coupled to the processor and the memory. This
CNN subsystem includes a receiving module for receiving
an input image of the first image size captured by the image
capturing device, and the receiving module is configured to
partition the input image into a set of subimages of a second
image size. The CNN subsystem also includes a first pro-
cessing stage that includes a first hardware CNN module
configured with a maximum input image size. This first
hardware CNN module is configured to sequentially receive
each of the set of subimages and sequentially process each
of the received subimages to generate a set of outputs. The
CNN subsystem further includes a merging module config-
ured to sequentially receive the sets of outputs from the first
processing stage and merge the sets of outputs into a set of
merged feature maps. The CNN subsystem additionally
includes a second processing stage configured to receive the
set of feature maps and process the set of feature maps to
generate an output of the CNN subsystem, and the output
includes at least one prediction on the input image. In some
embodiments, the first image size is significantly greater
than the maximum input image size of the first hardware
CNN module and the second image size is less than or equal
to the maximum input image size of the first hardware CNN
module.

[0048] As mentioned above, the existing CNN architec-
tures and systems are not cost-effective for many embedded
system applications. Meanwhile, some low-cost CNN-en-
abled embedded systems based on low-cost chipsets have
started to emerge. One notable example is the Hi3519
chipset developed by HiSilicon Semiconductor Co. Ltd., a
subsidiary of Huawei Technologies Co. Ltd. The cost of
Hi3519 chipset is significantly lower than Nvidia™ TK1/
TX1 chipsets. Hi3519 chipset also includes a built-in hard-
ware CNN module with some promising features. For
example, the parameters of the built-in CNN module in
Hi3519 chipset are reconfigurable, i.e., users can modify the
network architecture and the parameters, which can be
pre-trained for different applications. Moreover, this built-in
CNN module can be extremely fast, e.g., it would take about
1 ms to process a 32x40 input image. However, Hi3519
chipset has a very limited computational capacity, and
therefore can only be used for simple applications such as
handwritten digit recognition or license plate recognition.

[0049] In the present disclosure, a novel CNN architecture
and system suitable for resource-limited systems, such as
embedded systems and mobile devices is disclosed. In some
embodiments, the disclosed CNN architecture and system
reuses one or more small-scale hardware CNN modules
which are designed to process input images of lower reso-
Iutions (hence also referred to as “resolution-limited CNN
modules” hereinafter), such as the aforementioned built-in
hardware CNN module within Hi3519 chipset, so that the
proposed CNN architecture and system can be applied to
higher-resolution input images and more challenging tasks
which typically require the processing power of expensive
and large-scale hardware CNN modules.

[0050] The disclosed CNN system is a tiered system
which is configured to manage a complex task based on a
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divide-and-conquer approach. In some embodiments, a dis-
closed CNN system is constructed with two or more tiers/
stages. Each of the two or more stages can be implemented
with one or more small-scale low-cost hardware CNN
modules (typically found in embedded systems) by reusing
each of the one or more small-scale hardware CNN modules.
As such, each of the two or more tiers/stages can have a very
low-complexity. More specifically, to use the disclosed CNN
system, an original high-resolution input image can be
partitioned into a set of subimages of substantially the same
size which is much smaller than the size of the original input
image, wherein the partition can include properly designed
gaps and/or overlaps between adjacent subimages. These
subimages are sequentially fed into the first stage of the
disclosed CNN system which includes at least one small-
scale low-cost hardware CNN module designed to handle
low-resolution input images, and the outputs from the first
tier of the processed set of subimages are subsequently
merged. More specifically, the set of subimages can be
processed sequentially by reusing the at least one small-
scale hardware CNN module repeatedly on the set of sub-
images. In this manner, a high-resolution input image can be
processed by the small-scale hardware CNN module by way
of reusing the at least one small-scale hardware CNN
module on the set of subimages. With the properly selected
sizes of the original input images and the subimages, the
merged result can be substantially or exactly identical to the
output of a large-scale high-complexity CNN module that
processes the entire high-resolution input image without
partition. Next, the merged result is processed by the second
stage of the disclosed CNN system, which can be based on
either one or more resolution-limited small-scale hardware
CNN modules or software. This proposed tiered CNN
system essentially builds a large-scale high-complexity
CNN system by reusing one or more small-scale low-
complexity hardware CNN modules, making the proposed
CNN system applicable to low-cost resource-limited sys-
tems, such as various surveillance cameras, machine vision
cameras, drones, robots, self-driving cars, and mobile
phones.

[0051] In the following discussion, we may use the built-
in hardware CNN module within Hi3519 chipset as an
example to illustrate some exemplary implementations of
the proposed tiered CNN system. However, it should be
noted that the proposed CNN systems and techniques are not
limited to a particular chipset, such as Hi3519 chipset. The
disclosed concept of reusing small-scale low-cost hardware
CNN modules for high-complexity DL and Al applications
can be applied to any small-scale low-cost hardware CNN
modules. Moreover, the disclosed systems and techniques
can be implemented as a single field programmable gate
array (FPGA) module, and integrated with many low-cost
embedded platforms.

A Small-Scale Low-Cost Hardware CNN Module

[0052] FIG. 1A shows a block diagram of a small-scale
hardware CNN module 100 for processing a low-resolution
input image in accordance with some embodiments
described herein. In some embodiments, the CNN module
100 is configured to extract features of a resolution-limited
input image and make various DL inferences, depending on
the applications. As can be seen in FIG. 1A, CNN module
100 includes at least two submodules, denoted as CNN1 and
CNN2. In some embodiments, CNN module 100 is config-
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ured to limit the input image 102 size to no more than 1280
pixels, for example, an image resolution of 32x40 pixels.
This limitation on the input image sizes also significantly
limits the types of applications which are suitable for CNN
module 100.

[0053] FIG. 1B shows a more detailed implementation of
hardware CNN module 100 in accordance with some
embodiments described herein. As can be seen in FIG. 1B,
the first submodule CNN1 in FIG. 1A further includes
multiple alternating convolution (CONV) layers, rectified
linear unit (ReLU) layers (not shown) and pooling layers
coupled in series. Moreover, for each of the CONV layers,
such as CONV(1) layer, a set of convolution filters are
employed to extract a set of particular features from input
image 102. Each of the CONV layers in the submodule
CNN1 is followed by a corresponding Rel.U layer (not
shown) and pooling layer, such as POOL(1) layer, which is
configured to reduce the size of the filtered images generated
by the corresponding CONYV layer, while preserving some of
the extracted features.

[0054] Also shown in FIG. 1B, the second submodule
CNN2 in FIG. 1A further includes multiple alternating
fully-connected (FC) layers and RelLU layers (not shown)
coupled in series. Each of the FC layers, such as FC(1) layer,
in the submodule CNN2 is configured to perform matrix
multiplications. Each of the FC layers (except for the last FC
layer) is followed by a corresponding Rel.U layer (not
shown). Although not explicitly shown in FIG. 1B, each of
the ReLLU layers in CNN1 and CNN2 is configured to
provide nonlinear characteristics to the CNN system.
Finally, at the output of the last FC layer (e.g., FC(n) layer),
a decision module (also not shown) is configured to make a
prediction based on the output of the last FC layer, thereby
generating the output 104 of the CNN module 100. In some
embodiments, the first submodule CNN1 includes 1~8
CONYV, Rel.U, and pooling layers, while the second sub-
module CNN2 includes 3~8 fully-connected (FC) layers and
ReL.U layers.

[0055] In some embodiments, the number of convolution
filters in each of the CONV layers is at most 50, and only
3x3 filters are allowed. Moreover, the convolution stride is
fixed to be 1, and no zero padding is used. In some
embodiments, the pooling layers in CNN1 can use a max-
pooling technique to select the maximum value from each of
the 2x2 regions in the filter images. In some embodiments,
both max-pooling and average pooling are supported, but
the pooling window size is fixed to 2x2, and the stride is
fixed to 2. In other words, each of the image width and
height is reduced by one half after each pooling layer.

[0056] For the example of the hardware CNN module
within Hi3519 chipset, the maximum input dimension for
the first FC layer is 1024, and the number of neurons in the
middle FC layers is at most 256. The dimension of the CNN
module output is at most 256. Due to these constraints, the
hardware CNN module within Hi3519 chipset is typically
only suitable for performing simple applications such as
handwritten digit recognition and license plate recognition.
For more challenging applications such as face recognition,
directly applying a small-scale CNN module such as CNN
module 100 would be infeasible at least because of the
following reasons. First, the maximum input resolution of
1280 pixels (such as 40x32) is very restrictive, because a
face image down-sampled to this resolution loses too much
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important facial information. Second, the learning capacity
of the small CNN module 100 is also extremely limited.

A Tiered Subimage-Based CNN Architecture and System

[0057] FIG. 2A shows a block diagram of a conventional
full-image-based CNN system 200 for processing high-
resolution input images. As can be seen, conventional CNN
system 200 can receive an entire high-resolution input image
202 at the first convolution layer CONV(1) and start per-
forming feature extraction operations on the high-resolution
input image 202. As such, conventional CNN system 200
can directly process the full high-resolution input image 202
without partitioning the input image. However, conventional
CNN system 200 also requires using large-scale expensive
chips capable of handling such high-resolution input images,
such as aforementioned Nvidia™ chips.

[0058] FIG. 2B shows a block diagram of a disclosed
subimage-based CNN system 210 in accordance with some
embodiments described herein. In the disclosed CNN sys-
tem 210, a resolution-limited small-scale CNN module, such
as CNN module 100 described in conjunction with FIGS. 1A
and 1B or the hardware CNN module inside Hi3519 chipset
can be used as a building block of subimage-based CNN
system 210. As mentioned above, such a small-scale CNN
module has a limitation on the maximum input image size,
e.g., up to 1280 pixels. To be able to use this small-scale
CNN module on a high-resolution input image 202 (e.g., an
image having >1280 pixels), the disclosed CNN system 210
includes an input module 212 which is configured to parti-
tion the high-resolution input image 202 into a set of smaller
subimages 204, wherein each of the subimages 204 has a
size which is less than or equal to the maximum input image
size allowed by the small-scale CNN module used as a
building block of CNN system 210. In some embodiments,
input module 212 is configured to partition the high-reso-
Iution input image 202 by including proper gaps and over-
laps between the adjacent subimages 204, as shown in FIG.
2B. Note that the set of four subimages 204 in two rows and
two columns with the illustrated gaps and overlaps are
shown in FIG. 2B for the convenience of understanding the
concept and not meant for representing an actual partition.
Some examples of input image partitioning and consider-
ations for choosing proper gaps and overlaps are provided
below.

[0059] As shown in FIG. 2B, CNN system 210 includes a
two-tiered processing structure based on using and/or reus-
ing one or both of the two hardware submodules CNN1 and
CNN2 of small-scale CNN module 100 described in FIGS.
1A and 1B. In addition to the input module 212, CNN
system 210 also includes a first processing stage 220, a
merging module 222 and a second processing stage 224.
More specifically, first processing stage 220 of CNN system
210 includes at least one CNNI1 processing module, such as
CNN1 module 214. In some embodiments, CNN1 module
214 is implemented by the hardware submodule CNN1
described in FIGS. 1A and 1B. In other embodiments, CNN1
module 214 is implemented by the entire CNN module 100
described in FIGS. 1A and 1B which includes both CNN1
and CNN2 submodules. Note that the multiple instances of
CNN1 module 214 shown within the first processing stage
220 represent the same CNN1 module 214 being used at
different times t,, t,, t5, . . . , and t,, as indicated for each such
instance. Consequently, “CNN1 214 at t;,” “CNN1 214 at
t5,” “CNN1 214 at t5,” . . ., and “CNNI1 214 at t,,,” shown
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in FIG. 2B correspond to a single CNN1 module 214 at
different processing times and should not be interpreted as
multiple CNN1 modules having the same numeral 214.
Although not shown, the first processing stage 220 can
include additional CNN1 modules similar to CNN module
214. For example, the first processing stage 220 can include
two or more identical CNN1 modules.

[0060] The second processing stage 224 of CNN system
210 includes at least one CNN2 module 216. In some
embodiments, CNN2 module 216 is implemented by the
hardware submodule CNN2 described in FIGS. 1A and 1B.
In other embodiments, CNN2 module 216 is implemented
by the entire CNN module 100 described in FIGS. 1A and
1B which includes both CNN1 and CNN2 submodules. In
some other embodiments, CNN2 module 216 within the
second processing stage 224 can be implemented by soft-
ware instead of hardware.

[0061] Specifically, to process the set of subimages 204
generated by input module 212, single CNN1 module 214 is
used multiple times by sequentially processing the set of
subimages 204, one subimage at a time. That is, each
instance of CNNI1 block 214 within the first processing stage
220 of CNN system 210 represents one of the multiple
applications of the same CNN1 module 214 on one of the set
of subimages 204 at a different processing time. However,
because the processing speed of each subimage 204 by
CNN1 module 214 can be very fast, the overall processing
time for processing the set of subimages 204 also can be
quite fast. The outputs of multiple applications of CNN1
module 214 contain an array of feature maps 206 corre-
sponding to the set of subimages 204 after multiple layers of
convolution, RelLU; and pooling operations.

[0062] Note that although the embodiment shown in FIG.
2B is based on reusing a single hardware CNN1 module 214
in the first processing stage 220 of CNN system 210, other
embodiments can use additional hardware CNN1 modules
similar or identical to CNN1 module 214 in the first pro-
cessing stage 220 of CNN system 210, so that the set of
subimages 204 can be processed in parallel by the multiple
hardware CNN1 modules. The actual number of CNN1
modules used by a given design can be determined based on
the trade-off between hardware cost constraint and speed
requirement. For example, some variations to CNN system
210 can include 3 to 5 CNN1 modules in the first processing
stage.

[0063] As mentioned above, CNN1 module 214 can be
implemented by either a dedicated hardware submodule
CNNT1 such as those described in conjunction with FIGS. 1A
and 1B or by the entire CNN module 100 described in
conjunction with FIGS. 1A and 1B which includes both
CNN1 and CNN2 submodules. In the first scenario, CNN1
module 214 within CNN system 210 can include only
CONYV, RelLU, and pooling layers. In the second scenario,
implementing CNN1 module 214 in CNN system 210
further includes bypassing the FC layers and the correspond-
ing RelL.U layers, i.e., bypassing the submodule CNN2
within CNN module 100. When bypassing the CNN2 sub-
module, it is necessary for the CNN1 module 214 to
preserve the spatial location information in its output feature
maps, because the outputs from the CNN1 module 214 will
be merged for further processing. For some built-in hard-
ware CNN modules, such as a hardware CNN module within
Hi3519 chipset, the parameters of the built-in CNN module
are reconfigurable. Using this property, bypassing the sub-
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module CNN2 when such a built-in hardware CNN module
is used can be achieved by forcing each of the FC layers
within CNN module 100 to be an identity matrix, so that the
output from each of the FC layer is simply a reorganization
of the two-dimensional feature maps into a one-dimensional
vector. The RelLU layer after each FC layer can be applied
as usual. In a partition embodiment, for a three FC-RelLU-
layer CNN2 submodule configuration, the last two RelLU
layers do not change any data, because the concatenation of
multiple ReLLU layers is equivalent to just one ReL.U layer.

[0064] Referring back to FIG. 2B, after sequentially
applying CNN1 module 214 to each of the set of subimages
204, the outputs from CNN1 module 214 containing the
array of feature maps 206 become the inputs to merging
module 222 which is configured to merge the array of
feature maps 206 to form the full feature maps of the entire
input image 202. The merged feature maps can then be used
as the inputs to the second processing stage 224 of CNN
system 210. In some embodiments, the output 228 from the
second processing stage 224 is the output from the last FC
layer of CNN2 module 216. Ideally, output 228 is identical
to the output 226 of the conventional CNN system 200 in
FIG. 2A.

[0065] In some embodiments, the array of feature maps
206 includes a set of three-dimensional (3D) matrices (i.e.,
two dimensions for a given feature map and one dimension
for the number of feature maps). For example, the array of
feature maps 206 can be composed of nine (i.e., a 3x3 array
of) 3D matrices of 2x2x48 sizes, wherein nine is the number
of subimages 204 having indices of 0, 1, 2, . . ., 8 (i.e,
subimages of 3 rows by 3 columns), 2x2 is the size of a
single output feature map after CNN1 module 214 for each
subimage, and 48 is the number of feature maps for each
subimage. In some embodiments, merging module 222 is
configured to merge the array of feature maps 206 by
concatenating the set of 3D output matrices based on the
corresponding indices to form a merged 3D feature-map
matrix, while preserving the spatial relationships of the set
of subimages 204. In the above example, this step generates
a 3D matrix of 6x6x48. Next, the merged 3D matrix can be
flattened into a one-dimensional (1D) vector. In the above
example, this creates a 1D vector having a size of 1728.
Finally, the flattened 1D vector is fed into the second
processing stage 224.

[0066] FIG. 2B shows that the merged feature maps 208
generated by merging module 222 are fed into the second
processing stage 224 of CNN system 210 for further pro-
cessing. More specifically, the second processing stage 224
of CNN system 210 includes at least one CNN2 module 216,
which further includes a set of FC layers and Rel.U layers
as described above. As mentioned above, CNN2 module 216
in CNN system 210 can be implemented by a dedicated
hardware submodule CNN2 described in conjunction with
FIGS. 1A and 1B. In these embodiments, CNN2 module 216
within CNN system 210 can include only FC layers and
ReL.U layers. In some embodiments, CNN2 module 216 can
be implemented by taking an entire hardware CNN module
100 described in FIGS. 1A and 1B which includes both
CNN1 and CNN2 submodules. In these embodiments,
implementing CNN2 module 216 in CNN system 210
further includes bypassing the CONV-ReLLU-pooling layers,
i.e., bypassing the submodule CNN1 within CNN module
100. In some systems such as Hi3519, it may be difficult to
bypass the CONV-RelLU-pooling layers to use the FC layers
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and ReL.U layers directly. In these cases, CNN2 module 216,
i.e., the FC layers and RelLU layers can be implemented by
software. Because most of the computational complexity of
CNN system 210 is in the CONV layers, implementing the
FC and RelLU layers in software typically has minor effect
on the overall speed of the system. Furthermore, systems
such as Hi3519 also provide additional tools to optimize the
speed of such a software implementation.

[0067] As mentioned above, CNN2 module 216 within the
second processing stage 224 can be implemented by soft-
ware instead of a hardware CNN module. Note that most of
the computational complexity of CNN system 210 is in the
convolution layers implemented by CNN1 module 214
because the complexity of the FC layers and ReL.U layers
are generally much lower than the convolution layers. As a
result, the low computational complexity operations imple-
mented by the hardware CNN2 module 216 in CNN system
210 can be implemented by software in place of hardware
CNN2 or CNN modules mentioned above. Moreover, such
a software approach can provide more flexibilities than the
embodiments based on the hardware CNN modules.

[0068] Although the disclosed subimage-based CNN sys-
tem 210 is constructed as a two-tiered system including the
first stage based on one or more CNN1 modules and the
second stage based on a CNN2 module, other embodiments
of the disclosed subimage-based CNN system can include
more than two tiers. For example, FIG. 2C shows a block
diagram of a three-tiered subimage-based CNN system 230
in accordance with some embodiments described herein.

[0069] As can be seen in FIG. 2C, the 3-tiered CNN
system 230 includes a first partition module 232, a first
processing stage 234, a first merging module 236, a second
partition module 238, a second processing stage 240, a
second merging module 242, and a third processing stage
244. Moreover, the first processing stage 234 includes a first
CNN1 module 246, the second processing stage 240 fol-
lowing the first the first processing stage includes a second
CNN1 module 248, and the third processing stage 244
following the second processing stage includes a CNN2
module 250.

[0070] In one embodiment, a high-resolution input image
202 can be first partitioned into a set of subimages by the
first partition module 232 which is subsequently processed
by the first CNN1 module 246. In some embodiments, the
outputs from the first processing stage 234 are merged by the
first merging module 236 into a first set of feature maps,
which has a size greater than the maximum input size
allowed by the CNN2 module 250 in the third processing
stage 244. Hence, the merged feature maps generated by
merging module 236 are again partitioned into a second set
of subimages by the second partition module 238 which is
subsequently processed by the second CNN1 module 248.
The outputs from the second processing stage 240 are
merged by the second merging module 242 into a second set
of feature maps satisfying the input size requirement of the
CNN2 module 250, which is then fed into the CNN2 module
250 of the third processing stage 244 for further processing.
Although the 3-tiered CNN system 230 is described to have
two CNN1 stages and one CNN2 stage, other implementa-
tions of 3-tiered CNN systems can have different processing
module configurations within each of the three processing
stages without departing from the scope of the present
disclosure.
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[0071] Referring back to FIG. 2B, ideally, the feature
maps generated before the first FC layer from processing the
entire high-resolution input image 202 by large-scale CNN
system 200 of FIG. 2A and the merged feature maps 208
generated from processing the set of subimages 204 by the
CNN1 module 214 are identical or substantially identical to
each other. In reality, if all of the subimages 204 are
processed independently, there would be no convolution
operations performed across the boundaries of these subim-
ages. This can lead to a problem that the features at subim-
age boundaries are not captured properly.

[0072] The above-described boundary effect is similar to
the blocking artifact in DCT-based image coding. In the field
of image coding, the blocking artifact can be resolved by
applying filters across the image block boundaries, referred
to as a “lapped transform.” The concept of lapped transform
is described in more detail in T. D. Tran, et al., “Lapped
transform via time-domain pre/post-processing,” IEEE
Trans. Signal Processing, vol. 51, No. 6, pp. 1557-1571,
June 2003. In some embodiments, the concept of the lapped
transform can be applied to CNN system 210 to mitigate the
aforementioned boundary effect. This “lapped transform”
technique can include generating an additional set of bound-
ary subimages across the boundaries of the set of subimages
and applying the first processing stage 220 of CNN system
210 to both the set of subimages and the set of boundary
subimages.

[0073] FIGS. 3A-3C illustrate an exemplary process of
partitioning an input image into a set of subimages and also
generating a set of boundary subimages for mitigating the
boundary effect in accordance with some embodiments
described herein. In some embodiments, the exemplary
partition shown in FIGS. 3A-3C can be performed by input
module 212 within CNN system 210 or by the first and
second partition modules 232 and 238 within CNN system
230.

[0074] More specifically, FIG. 3A shows the partition of
an input image 300 into a set of four subimages 302 with
properly designed gaps 308 and 310 between adjacent
subimages 302 in accordance with some embodiments
described herein. In some embodiments, the set of subim-
ages 302 are images having the same size. FIG. 3B shows a
process of generating a set of five boundary subimages 304
for the same input image 300 in accordance with some
embodiments described herein. As can be seen in FIG. 3B,
each of the boundary subimages 304 is positioned to overlap
with the boundaries of at least two adjacent subimages 302
shown in FIG. 3A. Note that one of the boundary subimages
304 is positioned substantially in the center of input image
300, while the other four boundary subimages are located to
the left, to the right, above, and below the center boundary
subimage 304. Also note that subimages 302 and boundary
subimages 304 can have the same size. Moreover, four
dashed lines 310, 312, 324, and 316 are intentionally placed
in FIG. 3B to mark and extend the four edges of the center
boundary subimage 304. Note that dashed lines, rounded
corners and different line widths are used to illustrate
boundary subimages 304 which are merely for the purposes
of distinguishing and easiness of visualizing these boundary
subimages due to the overlapping nature of these subimages.
Hence, the rounded corners of boundary subimages 304 as
shown in FIG. 3B have nothing to do with the actual
geometries of subimage 304. In other words, each of bound-
ary subimages 304 remains a region of 2D-array of pixels.
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[0075] FIG. 3C shows a combined set of subimages for
input image 300 which includes both the set of four subim-
ages 302 from FIG. 3A and the set of five boundary
subimages 304 from FIG. 3B in accordance with some
embodiments described herein (input image 300 not shown).
Note that in FIG. 3C, the set of four subimages 302 are
shown with solid lines and straight corners while the set of
five boundary subimages 304 are shown with dashed lines
and rounded corners. Also, different line widths are used for
the set of four subimages 302, the set of four boundary
subimages 304 along the edges and the single subimage 304
in the middle. In the particular embodiment shown, all nine
of the subimages have the same image size.

[0076] FIG. 3C clearly shows how each of the boundary
subimages 304 is positioned across the boundary regions of
subimages 302. Note that the set of nine subimages has also
been indexed from “0” to “8.” Next, when processing input
image 300 using the disclosed CNN system 210, CNN1
module 214 can be applied to both the set of subimages 302
and the set of boundary subimages 304 in a sequential order.
Hence, the outputs from the first processing stage 220 of
CNN system 210 include both feature maps associated with
subimages 302 and feature maps associated with boundary
subimages 304. In some embodiments, all of these feature
maps are merged to form a set of merged feature maps for
the entire input image 300 which are free of the above-
mentioned boundary effect. A detailed example of process-
ing an input image with boundary-effect correction using
CNN system 210 is provided below in conjunction with FIG.
4.

[0077] Referring back to FIG. 2B, note that if CNN1
module 214 of the first processing stage 220 includes only
convolution operators, it is possible to apply a conventional
overlap-and-add approach to the subimages 204 and still
avoid the boundary artifacts. However, due to the pooling
operators in CNN1 module 214, the results of the overlap-
and-add approach are typically not equivalent to the above-
described lapped-transform technique which applies convo-
Iutions across the subimage boundaries. In the discussion
below, we derive the conditions and solutions for achieving
the equivalency between the conventional full image-based
CNN system 200 and the subimage-based CNN system 210.

Conditions and Solutions for Equivalent Convolution and
Pooling Operations

[0078] In some embodiments, to achieve equivalent
results of convolution and max-pooling operations between
the conventional full-image-based CNN system 200 and the
subimage-based CNN system 210, two conditions should be
met: (1) the boundary effect of convolution operations in
CNN system 210 should be avoided as described above; and
(2) the input image size to each max-pooling operator in
both systems should be an even number. This is because in
the global approach, an input to the max-pooling operator is
typically a 2x2-pixel region, except at the image boundaries.
As a result, it is necessary to ensure that an input to the
max-pooling operator in the subimage-based approach is
also a 2x2-pixelregion, even at the subimage boundaries, so
as to avoid mismatch between the two approaches.

[0079] In the following discussion on feasible image sizes
for equivalency, we focus on an exemplary implementation
of subimage-based CNN system 210 that includes three
layers of convolutions and max-pooling operators, 3x3
convolution filters, and 2x2 max-pooling sizes. However,
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the discussion based on such a system configuration can be
easily extended to systems having more convolution and
pooling layers. Note that, the ReL.U layers within a CNN1
module of this exemplary implementation do not need to be
considered here because an ReL.U layer typically does not
affect the image size.

[0080] Suppose K is the number of rows or columns of an
input image. After the first convolution layer, there will be
K+2 output coeflicients with zero padding. Among the K+2
output coefficients, only K-2 coefficients are not affected by
the boundary effect (because the convolution filter has 3 taps
in each direction). These output coefficients will be sent to
the first max-pooling operator, and the result after the
pooling operation has (K-2)/2 coefficients. Hence, to avoid
boundary effect, we need K-2 to be an even number. That
is,

K-2=0x,—K=2x,+2, (1)

wherein X, is a positive integer.

[0081] In the second layer, the size after the convolution
operation will be (K-2)/2-2, which should also be an even
number, i.e.,

(K=2)/2-2=2x,—>K=4x5+6, )

wherein X, is another positive integer.

[0082] After the second max-pooling operation, the size of
the processed image is reduced to (K-2)/4-1. Similarly, in
the third layer, the size of the processed image after the
convolution operation will be (K-2)/4-3, which should still
be an even number. That is,

(K=2)/4-3=2x,—>K=8x,+14, 3)

wherein x5 is also a positive integer.

[0083] It can be verified that the feasible solutions for K
given by Eq. (3) are a subset of the solutions for Eq. (2), and
the latter are a subset of that of Eq. (1). As a result, solutions
for Eq. (3) can meet all three constraints in Eq. (1) to Eq. (3).
If there are more than three layers within CNN1 module 214,
it can be shown that the solutions are also given by the
constraint from the last layer, which is also a subset of the
feasible solutions of all of the previous layers. Hence, the
feasible solutions still exist.

[0084] It can be seen from Eq. (3) that feasible image sizes
differ by multiple of 8. This is the result of the three layers
of pooling operations, which downsample the image sizes
by a factor of 8. The first few feasible solutions given by Eq.
(3) can include K=22, 30, 38, and 46. Using Hi3519 chipset
as an example, because the maximum number of input pixels
for the embedded CNN module within Hi3519 is 1280, the
closest subimage dimension is thus 38x30 (i.e., having 1140
pixels). For this choice, the size after the first convolution
operator is 36x28. After the first max-pooling operator, the
size becomes 18x14. After the second convolution and
max-pooling operators, the size becomes 16x12 and 8x6
respectively. Finally, the size reduces to 6x4 after the third
convolution operator, and the final output is 3x2 after the
third max-pooling operator.

[0085] Onthe other hand, the size of the entire input image
should also meet Eq. (3). This means that by simply dividing
an input image into some side-by-side subimages cannot
guarantee the equivalency between the global convolution
and pooling approach of conventional CNN system 200 and
the subimage-based technique of CNN system 210, even if
the size of each subimage meets Eq. (3). For example, an
image of size 76x60 cannot achieve the same results
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between the global CNN approach and the subimage-based
CNN technique, because the numbers 76 and 60 do not
satisfy Eq. (3), even though the input image can be divided
into four subimages of 38x30 pixels.

[0086] In some embodiments, to achieve both feasible
subimage size and entire input image size for equivalency,
some extra pixels used as gaps should be included between
neighboring subimages in the subimage-based technique.
For the example above, the closest feasible solution is
78%62, i.e., there are two extra pixels used as gaps between
two neighboring subimages, both in the horizontal direction
and the vertical direction. However, other embodiments of
the input image partitions can use gaps greater than 2, so
long as the entire image size satisfies Eq. (3). These extra
pixels between neighboring subimages can be filtered by
some special subimages that straddle the boundaries of
neighboring subimages, in order to achieve the same result
as the global convolution approach of CNN system 200. As
described above, this technique of using boundary subim-
ages is similar to the pre/post-filter in the lapped transform.
The convolution and pooling results of these boundary
subimages can be merged with the convolution and pooling
outputs of other subimages.

[0087] Another common constraint of many hardware
CNN modules is that when FC layers are employed, once the
network is trained for a specific application, it would typi-
cally only support a fixed input image size. As a result, all
subimages, including those that straddle neighboring sub-
images (e.g., subimages 304 in FIG. 3), should have the
same size, for example, 38x30. With this additional con-
straint, it is necessary to choose suitable gaps between
neighboring subimages to simplify the merge of outputs
from different subimages (e.g., no gap or overlap in the
merged result).

[0088] Because the output of each 38x30 subimage is 3x2
after three layers of convolution and pooling operators, it is
necessary to choose the gaps such that the outputs of two
overlapped subimages (e.g., subimage 302(0) in the upper
left corner and boundary subimage 304(4) in the upper
middle of the partition map in FIG. 3) are shifted by 3
vertically and by 2 horizontally. In this manner, the outputs
of these overlapping subimages, such as subimage 302(0)
and boundary subimage 304(4) of the partition map in FIG.
3 become adjacent feature maps without either overlap or
gap between them. Otherwise there will be gaps in the
outputs and therefore cannot ensure equivalency, or there
will be duplicated outputs, which lead to the waste of the
computing resource.

[0089] Because each pooling layer reduces the subimage
size by one half, each output after three pooling layers
corresponds to 8 input pixels. As a result, in order for the
output to shift by 2 and 3 respectively, we need to shift the
subimage by 16 and 24 pixels respectively. Therefore, to
avoid any gap or duplication in the output, the aforemen-
tioned image size of 78x62 can be adjusted to 86x62,
wherein 86=38+24x2, and 62=30+16x2. In other words, the
gap between horizontal subimages can be 2 pixels, and the
gap between vertical subimages can be 10 pixels. Such
resolution can lead to reasonable accuracy for challenging
tasks such as face recognition.

[0090] FIG. 4 shows an exemplary input image partition
scheme for an 86x62 input image 400 which includes both
non-overlapping subimages and boundary subimages in
accordance with some embodiments described herein. As
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can be seen in FIG. 4, input image 400 is partitioned into a
set of nine 38x30 subimages, including four non-overlap-
ping subimages and five boundary subimages similar to the
subimage configuration shown in FIG. 3. Note that the four
non-overlapping subimages are shown in solid lines while
the five boundary subimages are shown in dashed lines. Also
note that small artificial offsets are used to slightly separate
the five boundary subimages so that they can be more easily
distinguished from one another and also from the four
non-overlapping subimages. However, these artificial offsets
are only used for the purpose of visualizing these overlap-
ping subimages and should not be construed as actual offsets
between these subimages. In fact, the row coordinates of
these nine subimages start at 1, 25, and 49, respectively, and
the column coordinates of the nine subimages start at 1, 17,
and 33, respectively. For example, the four corner pixels of
boundary subimage in the middle has (row, column) coor-
dinates of (25, 17), (25, 46), (62, 17), (62, 46), respectively.
[0091] For the 86x62 input image 400, the disclosed CNN
system 210 can reuse a single CNN1 module 214 nine times,
each time to process an input subimage size of 38x30. As
can be seen in FIG. 4, the outputs of CNN1 module 214 is
a 2D array (ie., 3x3) of 3x2-pixel feature maps with
properly designed shifted such that they can be merged into
a 9x6-pixel merged feature map 402 corresponding to the
full input image 400 (i.e., there is no gap or overlap between
any given pair of adjacent 3x2-pixel feature maps in the
merged feature map 402). In the example Hi3519 chipset,
each subimage processing takes about 1 ms and the maxi-
mum number of output feature maps is 50 (corresponding to
50 filters). Therefore, for Hi3519 chipset the output size of
each subimage is 3x2x50, and the total output size is
9%6x50. Software implementation of the FC layers and
ReL.U layers takes less than 3 ms. Consequently, the total
running time for a face-recognition application on an 86x62
input image takes only about 12 ms when using the built-in
hardware CNN module within Hi3519 chipset.

[0092] As discussed above, the proposed subimage-based
CNN system 210, which is configured to apply one or more
small-scale CNN1 modules to a set of overlapped subimages
and merges the outputs, can generate exactly or substantially
the same result as the conventional full-image-based CNN
system 200 which applies the same set of filters to the entire
input image. Consequently, in some embodiments, the pro-
posed subimage-based CNN system can be designed by
training the conventional full-image-based CNN system 200
and copy the set of trained filters, i.e., network weights of
CNN system 200, to a corresponding set of filters in the
proposed CNN1 and CNN2 modules. During the training of
the conventional full-image-based CNN system 200, one
may only need to ensure the full image size satisfies Eqn.
(3), without simulating the subimage-based implementation.
In these embodiments, the complexity of designing the
proposed subimage-based CNN is not increased.

[0093] In this patent disclosure, a subimage-based CNN
architecture and system based on reusing small-scale hard-
ware CNN modules is described. The disclosed CNN archi-
tecture and system is suitable for resource-limited systems,
such as some embedded systems and mobile devices. In
some embodiments, an original input image is partitioned
into a set of subimages of the same size, which includes
properly designed gaps and/or overlaps among the set of
subimages. These subimages can be fed into a resolution-
limited small-scale hardware CNN module sequentially for
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the convolution-RelLU-pooling operations. The outputs from
the set of subimages can then be merged to form merged
feature maps, and the merged feature maps can be exactly or
substantially identical to the generated feature maps from
applying a full-imaged-based large-scale CNN system to the
entire input image without partitioning the input image. The
merged feature maps can then be processed by the next stage
of'the disclosed CNN architecture and system, which can be
implemented either in hardware by a small-scale hardware
CNN module or entirely in software. The disclosed CNN
architecture and system can therefore perform high-com-
plexity CNN tasks on resource-limited embedded systems
based on using resolution-limited small-scale CNN mod-
ules.

[0094] FIG. 5 presents a flowchart illustrating a process
for performing image processing using the disclosed sub-
image-based CNN system in accordance with some embodi-
ments described herein. The process may begin when a
high-resolution image is received at the input of a disclosed
subimage-based CNN system, such as CNN system 210
(step 502). In some embodiments, the high-resolution input
image is captured by a high-resolution camera, such as a
surveillance camera, a machine vision camera, cameras on a
self-drive car, or mobile phone cameras. Next, the high-
resolution input image is partitioned into a set of subimages
of a smaller image size at an input module of the CNN
system (step 504). In some embodiments, the set of subim-
ages from step 504 includes both a two-dimensional array of
non-overlapping subimages and a set of boundary subim-
ages positioned across the boundaries of the set of non-
overlapping subimages.

[0095] Next, the set of subimages are sequentially pro-
cessed by a first hardware CNN module within the first
processing stage of the CNN system to generate an array of
feature maps (step 506). In some embodiments, the first
hardware CNN module is a small-scale low-cost hardware
CNN module configured to process low-resolution input
images and have a maximum input image size. As such, the
image size of the high-resolution input image is significantly
greater than the maximum input image size of the first
hardware CNN module. In some embodiments, the first
hardware CNN module can include a set of convolution
(CONV) layers, a set of RelLU layers, and a set of pooling
layers coupled in series, and processing each of the received
subimages using the first hardware CNN module includes
alternatively applying a CONV layer in the set of CONV
layers and a pooling layer in the set of pooling layers on the
received subimage. Note that as an alternative to step 506,
the set of subimages can be processed by two or more
identical hardware CNN modules within the first processing
stage of the CNN system to generate the same array of
feature maps. More specifically, the set of subimages can be
divided up into two or more subsets of subimages, and each
subset of the two or more subsets of subimages can be
sequentially processed by one of the two or more hardware
CNN modules while the two or more subsets of subimages
can be processed by the two or more hardware CNN
modules in parallel.

[0096] Referring back to FIG. 5, next, the array of feature
maps output by the first hardware CNN module is merged
into a set of merged feature maps by a merging module of
the CNN system (step 508). More specifically, the merged
feature maps represent the full feature maps for the entire
high-resolution input image. In some embodiments, the set
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of merged feature maps is substantially identical to a set of
feature maps generated by convolution-Rel.U-pooling lay-
ers of a large-scale CNN system which processes the high-
resolution input image as a whole without partitioning the
high-resolution input image. Next, the set of merged feature
maps are processed by a second CNN module within the
second processing stage of the CNN system to generate at
least one prediction on the high-resolution input image (step
510). In some embodiments, processing the set of merged
feature maps includes alternatively applying an FC layer in
a set of FC layers and an ReLU layer in a set of ReLLU layers
on the set of merged feature maps.

[0097] FIG. 6 illustrates an exemplary embedded system
600 within which the disclosed subimage-based CNN sys-
tem is used to perform deep learning (DL) image processing
on captured images in accordance with some embodiments
described herein. Embedded system 600 can be integrated
with or implemented as a surveillance camera, a machine
vision camera, a drone, a robot, or a self-driving car. As can
be seen in FIG. 6, embedded system 600 can include a bus
602, a processor 604, a memory 606, a storage device 608,
a camera 610, a CNN subsystem 612, an output device
interface 614, and a network interface 616.

[0098] Bus 602 collectively represents all system, periph-
eral, and chipset buses that communicatively couple the
various components of embedded system 600. For instance,
bus 602 communicatively couples processor 604 with
memory 606, storage device 608, camera 610, CNN sub-
system 612, output device interface 614, and network inter-
face 616.

[0099] From memory 606, processor 604 retrieves instruc-
tions to execute and data to process in order to control
various components of embedded system 600. Processor
604 can include any type of processor, including, but not
limited to, a microprocessor, a mainframe computer, a
digital signal processor, a personal organizer, a device
controller and a computational engine within an appliance,
and any other processor now known or later developed.
Furthermore, processor 604 can include one or more cores.
Processor 604 itself can include a cache that stores code and
data for execution by processor 604.

[0100] Memory 606 can include any type of memory that
can store code and data for execution by processor 604. This
includes but not limited to, dynamic random access memory
(DRAM), static random access memory (SRAM), flash
memory, read only memory (ROM), and any other type of
memory now known or later developed.

[0101] Storage device 608 can include any type of non-
volatile storage device that can be integrated with embedded
system 600. This includes, but is not limited to, magnetic,
optical, and magneto-optical storage devices, as well as
storage devices based on flash memory and/or battery-
backed up memory.

[0102] Bus 602 is also coupled to camera 610. Camera 610
is configured to capture still images and/or video images at
predetermined resolutions and couple the captured image
data to various components within embedded system 600 via
bus 602, such as to memory 606 for buffering and to CNN
subsystem 612 for DL image processing. Camera 610 can be
a digital camera. In some embodiments, camera 610 is a
digital camera equipped with a wide-angle lens. The cap-
tured images by camera 610 can have different resolutions
including high-resolutions such as at 1280x720p, 1920x
1080p or other high resolutions.
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[0103] CNN subsystem 612 is configured to receive the
captured images, such as captured high-resolution images
via bus 602, perform aforementioned DL image processing
on the received images and generate results for the captured
images. CNN subsystem 612 can be implemented by one of
the various embodiments of the disclosed subimage-based
CNN system of this disclosure.

[0104] Output device interface 614 which is also coupled
to bus 602, enables for example, the display of the results
generated by CNN subsystem 612. Output devices used with
output device interface 406 include, for example, printers
and display devices, such as cathode ray tube displays
(CRT), light-emitting diode displays (LED), liquid crystal
displays (LCD), organic light-emitting diode displays
(OLED), plasma displays, or electronic paper.

[0105] Finally, as shown in FIG. 6, bus 602 also couples
embedded system 600 to a network (not shown) through a
network interface 616. In this manner, embedded system 600
can be a part of a network (such as a local area network
(“LAN”), a wide area network (“WAN”), or an Intranet, or
a network of networks, such as the Internet. Any or all
components of embedded system 600 can be used in con-
junction with the subject disclosure.

[0106] The various illustrative logical blocks, modules,
circuits, and algorithm steps described in connection with
the embodiments disclosed herein may be implemented as
electronic hardware, computer software, or combinations of
both. To clearly illustrate this interchangeability of hardware
and software, various illustrative components, blocks, mod-
ules, circuits, and steps have been described above generally
in terms of their functionality. Whether such functionality is
implemented as hardware or software depends upon the
particular application and design constraints imposed on the
overall system. Skilled artisans may implement the
described functionality in varying ways for each particular
application, but such implementation decisions should not
be interpreted as causing a departure from the scope of the
present disclosure.

[0107] The hardware used to implement the various illus-
trative logics, logical blocks, modules, and circuits
described in connection with the aspects disclosed herein
may be implemented or performed with a general purpose
processor, a digital signal processor (DSP), an application
specific integrated circuit (ASIC), a field programmable gate
array (FPGA) or other programmable logic device, discrete
gate or transistor logic, discrete hardware components, or
any combination thereof designed to perform the functions
described herein. A general-purpose processor may be a
microprocessor, but, in the alternative, the processor may be
any conventional processor, controller, microcontroller, or
state machine. A processor may also be implemented as a
combination of receiver devices, e.g., a combination of a
DSP and a microprocessor, a plurality of microprocessors,
one or more microprocessors in conjunction with a DSP
core, or any other such configuration. Alternatively, some
steps or methods may be performed by circuitry that is
specific to a given function.

[0108] In one or more exemplary aspects, the functions
described may be implemented in hardware, software, firm-
ware, or any combination thereof. If implemented in soft-
ware, the functions may be stored as one or more instruc-
tions or code on a non-transitory computer-readable storage
medium or non-transitory processor-readable storage
medium. The steps of a method or algorithm disclosed
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herein may be embodied in processor-executable instruc-
tions that may reside on a non-transitory computer-readable
or processor-readable storage medium. Non-transitory com-
puter-readable or processor-readable storage media may be
any storage media that may be accessed by a computer or a
processor. By way of example but not limitation, such
non-transitory computer-readable or processor-readable
storage media may include RAM, ROM, EEPROM, FLASH
memory, CD-ROM or other optical disk storage, magnetic
disk storage or other magnetic storage devices, or any other
medium that may be used to store desired program code in
the form of instructions or data structures and that may be
accessed by a computer. Disk and disc, as used herein,
includes compact disc (CD), laser disc, optical disc, digital
versatile disc (DVD), floppy disk, and Blu-ray disc where
disks usually reproduce data magnetically, while discs
reproduce data optically with lasers. Combinations of the
above are also included within the scope of non-transitory
computer-readable and processor-readable media. Addition-
ally, the operations of a method or algorithm may reside as
one or any combination or set of codes and/or instructions on
a non-transitory processor-readable storage medium and/or
computer-readable storage medium, which may be incorpo-
rated into a computer program product.

[0109] While this patent document contains many specit-
ics, these should not be construed as limitations on the scope
of any disclosed technology or of what may be claimed, but
rather as descriptions of features that may be specific to
particular embodiments of particular techniques. Certain
features that are described in this patent document in the
context of separate embodiments can also be implemented in
combination in a single embodiment. Conversely, various
features that are described in the context of a single embodi-
ment can also be implemented in multiple embodiments
separately or in any suitable subcombination. Moreover,
although features may be described above as acting in
certain combinations and even initially claimed as such, one
or more features from a claimed combination can in some
cases be excised from the combination, and the claimed
combination may be directed to a subcombination or varia-
tion of a subcombination.

[0110] Similarly, while operations are depicted in the
drawings in a particular order, this should not be understood
as requiring that such operations be performed in the par-
ticular order shown or in sequential order, or that all illus-
trated operations be performed, to achieve desirable results.
Moreover, the separation of various system components in
the embodiments described in this patent document should
not be understood as requiring such separation in all
embodiments.

[0111] Only a few implementations and examples are
described and other implementations, enhancements and
variations can be made based on what is described and
illustrated in this patent document.

1. A convolutional neutral network (CNN) system, com-

prising:

a receiving module for receiving an input image of a first
image size, wherein the receiving module is configured
to partition the input image into a set of subimages of
a second image size;

a first processing stage comprising a first hardware CNN
module configured with a maximum input image size,
wherein the first hardware CNN module is further
configured to sequentially:
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receive each of the set of subimages; and
process each of the received subimages to generate a
set of outputs;

a merging module configured to sequentially receive the
sets of outputs from the first processing stage and
merge the sets of outputs into a set of merged feature
maps; and

a second processing stage configured to receive the set of
merged feature maps and process the set of merged
feature maps to generate an output of the CNN system,
wherein the output includes at least one prediction on
the input image.

2. The CNN system of claim 1,

wherein the first image size is significantly greater than
the maximum input image size of the first hardware
CNN module; and

wherein the second image size is less than or equal to the
maximum input image size of the first hardware CNN
module.

3. The CNN system of claim 1, wherein the set of
subimages includes a first subset of subimages and a second
subset of subimages, wherein the receiving module is con-
figured to partition the input image by:

partitioning the input image into the first subset of sub-

images of rows and columns separated by gaps,
wherein a pair of adjacent subimages in a row of the
first subset of subimages is separated by a first gap, and
wherein a pair of adjacent subimages in a columns of
the first subset of subimages is separated by a second
gap; and

generating the second subset of subimages such that each

of the second subset of subimages is positioned to
partially overlap with at least a pair of adjacent sub-
images in the first subset of subimages and over either
the first gap or the second gap between the pair of
adjacent subimages.

4. The CNN system of claim 1, wherein the first hardware
CNN module includes a set of convolution (CONV) layers,
a set of ReLLU layers, and a set of pooling layers coupled in
series, and wherein processing each of the received subim-
ages using the first hardware CNN module includes alter-
natively applying a CONV layer in the set of CONV layers,
an RelLU layer in the set of ReLLU layers, and a pooling layer
in the set of pooling layers on the received subimage.

5. The CNN system of claim 1, wherein the first hardware
CNN module further includes a set of filters, and wherein the
set of outputs associated with each of the processed subim-
ages corresponds to the set of filters.

6. The CNN system of claim 1, wherein the set of merged
feature maps is substantially identical to a set of feature
maps generated by convolution-RelL.U-pooling layers of a
large-scale CNN system which processes the input image as
a whole without partitioning the input image.

7. The CNN system of claim 1, wherein the second
processing stage includes a set of fully-connected (FC)
layers and a set of ReLU layers coupled in series, and
wherein processing the set of merged feature maps includes
alternatively applying an FC layer in the set of FC layers and
an ReLLU layer in the set of ReL.U layers on the set of merged
feature maps.

8. The CNN system of claim 1, wherein the second
processing stage is implemented in software.
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9. The CNN system of claim 1, wherein the second
processing stage is implemented in hardware with a second
hardware CNN module.

10. The CNN system of claim 9, wherein both the first
hardware CNN module and the second hardware CNN
module are implemented based on a small-scale hardware
CNN module of an embedded system that includes a set of
convolution layers, a first set of ReLU layers, a set of
pooling layers, a set of fully-connected (FC) layers, and a
second set of RelLU layers:

wherein the first hardware CNN module is implemented

by bypassing the set of FC layers and the second set of
ReL.U layers in the small-scale hardware CNN module;
and

wherein the second hardware CNN module is imple-

mented by bypassing the set of convolution layers, the
first set of ReLLU layers, and the set of pooling layers in
the small-scale hardware CNN module.

11. The CNN system of claim 1, wherein the first hard-
ware CNN module is a small-scale low-cost hardware CNN
module configured to process low-resolution input images
for such applications as handwritten digit recognition and
license plate recognition.

12. A method for performing image processing using a
convolutional neutral network (CNN), the method compris-
ing:

receiving an input image of a first image size;

partitioning the input image into a set of subimages of a

second image size;

processing the set of subimages using a first hardware

CNN module configured with a maximum input image

size, wherein the processing includes:

sequentially receiving each of the set of subimages; and

sequentially processing each of the received subimages
to generate a set of outputs;

merging the sets of outputs into a set of merged feature

maps; and

processing the set of merged feature maps to generate at

least one prediction on the input image.
13. The method of claim 12,
wherein the first image size is significantly greater than
the maximum input image size of the first hardware
CNN module; and

wherein the second image size is less than or equal to the
maximum input image size of the first hardware CNN
module.

14. The method of claim 12, wherein the set of subimages
includes a first subset of subimages and a second subset of
subimages, wherein partitioning the input image includes:

partitioning the input image into the first subset of sub-

images of rows and columns separated by gaps,
wherein a pair of adjacent subimages in a row of the
first subset of subimages is separated by a first gap, and
wherein a pair of adjacent subimages in a columns of
the first subset of subimages is separated by a second
gap; and

generating the second subset of subimages such that each

of the second subset of subimages is positioned to
partially overlap with at least a pair of adjacent sub-
images in the first subset of subimages and over either
the first gap or the second gap between the pair of
adjacent subimages.

15. The method of claim 12, wherein sequentially pro-
cessing each of the received subimages includes alterna-
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tively applying a convolution layer in a set of convolution
layers, an RelLU layer in a set of ReL.U layers, and a pooling
layer in a set of pooling layers on the received subimage.

16. The method of claim 12, wherein sequentially pro-
cessing each of the received subimages further includes
applying a set of filters on the received subimage, and
wherein the set of outputs associated with each of the
processed subimages corresponds to the set of filters.

17. The method of claim 12, wherein the set of merged
feature maps is substantially identical to a set of feature
maps generated by convolution-RelL.U-pooling layers of a
large-scale CNN system which processes the input image as
a whole without partitioning the input image.

18. The method of claim 12, wherein processing the set of
merged feature maps includes alternatively applying an FC
layer in a set of FC layers and an RelLU layer in a set of
ReL.U layers on the set of merged feature maps.

19. The method of claim 12, wherein processing the set of
merged feature maps includes using a second hardware
CNN module.

20. The method of claim 19, wherein both the first
hardware CNN module and the second hardware CNN
module are implemented based on a small-scale hardware
CNN module of an embedded system that includes a set of
convolution layers, a first set of ReLLU, a set of pooling
layers, a set of FC layers, and a second set of RelLU layers:

wherein the first hardware CNN module is implemented
by bypassing the set of FC layers and the second set of
ReL.U layers in the small-scale hardware CNN module;
and

wherein the second hardware CNN module is imple-
mented by bypassing the set of convolution layers, the
first set of ReLLU layers, and the set of pooling layers in
the small-scale hardware CNN module.

21. A convolutional neutral network (CNN) system, com-

prising:

a receiving module for receiving an input image of a first
image size, wherein the receiving module is configured
to partition the input image into a set of subimages of
a second image size;

a first processing stage comprising a first hardware CNN
module and a second hardware CNN module, wherein
each of the first and second hardware CNN modules is
configured with a maximum input image size, and
wherein:
the first hardware CNN module is further configured to

sequentially:

receive each of a first subset of the set of subimages;
and

process each of received subimages to generate a
first set of outputs; and

the second hardware CNN module is further configured

to sequentially:

receive each of a second subset of the set of subim-
ages; and
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process each of received subimages to generate a
second set of outputs;

wherein the first hardware CNN module and the
second hardware CNN module are configured to
process the first subset of subimages and the
second subset of subimages in parallel;

a merging module configured to receive the first sets of
outputs and the second sets of outputs from the first
processing stage and merge the first and second sets of
outputs into a set of merged feature maps; and

a second processing stage configured to receive the set of
merged feature maps and process the set of merged
feature maps to generate an output of the CNN system,
wherein the output includes at least one prediction on
the input image.

22. A system capable of performing deep learning on

images, the system comprising:

a processor;

a memory coupled to the processor;

an image capturing device coupled to the processor and
the memory and configured to capture images of a first
image size;

a convolutional neutral network (CNN) subsystem
coupled to the processor and the memory, wherein the
CNN subsystem further includes:

a receiving module configured to receive an input
image of the first image size captured by the image
capturing device, wherein the receiving module is
further configured to partition the input image into a
set of subimages of a second image size;

a first processing stage comprising a first hardware
CNN module configured with a maximum input
image size, wherein the first hardware CNN module
is further configured to sequentially:
receive each of the set of subimages; and
process each of the received subimages to generate a

set of outputs;

a merging module configured to sequentially receive
the sets of outputs from the first processing stage and
merge the sets of outputs into a set of merged feature
maps; and

a second processing stage configured to receive the set
of merged feature maps and process the set of
merged feature maps to generate an output of the
CNN subsystem, wherein the output includes at least
one prediction on the input image.

23. The system of claim 22,

wherein the first image size is significantly greater than
the maximum input image size of the first hardware
CNN module; and

wherein the second image size is less than or equal to the
maximum input image size of the first hardware CNN
module.

24. The system of claim 22, wherein the system includes

a mobile device or an embedded system.
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